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Recent clinical studies have proved that computer-aided diagnosis ~CAD! systems are helpful for
improving lesion detection by radiologists in mammography. However, these systems would be
more useful if the false-positive rate is reduced. Current CAD systems generally detect and char-
acterize suspicious abnormal structures in individual mammographic images. Clinical experiences
by radiologists indicate that screening with two mammographic views improves the detection
accuracy of abnormalities in the breast. It is expected that the fusion of information from different
mammographic views will improve the performance of CAD systems. We are developing a two-
view matching method that utilizes the geometric locations, and morphological and textural features
to correlate objects detected in two different views using a prescreening program. First, a geometri-
cal model is used to predict the search region for an object in a second view from its location in the
first view. The distance between the object and the nipple is used to define the search area. After
pairing the objects in two views, textural and morphological characteristics of the paired objects are
merged and similarity measures are defined. Linear discriminant analysis is then employed to
classify each object pair as a true or false mass pair. The resulting object correspondence score is
combined with its one-view detection score using a fusion scheme. The fusion information was
found to improve the lesion detectability and reduce the number of FPs. In a preliminary study, we
used a data set of 169 pairs of cranio-caudal ~CC! and mediolateral oblique ~MLO! view mammo-
grams. For the detection of malignant masses on current mammograms, the film-based detection
sensitivity was found to improve from 62% with a one-view detection scheme to 73% with the new
two-view scheme, at a false-positive rate of 1 FP/image. The corresponding cased-based detection
sensitivity improved from 77% to 91%. © 2002 American Association of Physicists in Medicine.
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informationI. INTRODUCTION
X-ray mammography is the only proven diagnostic technique
for detecting breast cancer in its early stages.1,2 In mammo-
graphic screening, a cranio-caudal ~CC! and a mediolateral
oblique ~MLO! view are routinely taken for each breast. The
two views not only allow most of the breast tissue to be
imaged but also improve the chance that a lesion will be seen
in at least one of the views. Radiologists analyze the differ-
ent mammographic views to detect calcifications and masses
that may be a sign of breast cancer and to decide whether to
call the patient back for further diagnostic evaluations. They
also use the two views to reduce false positives such as over-
lapping dense tissue in one view that mimics masses. Their
interpretation integrates complex criteria of human vision
and intelligence, including morphology, texture, and geomet-
ric location of any suspicious structures of the imaged breast,
combining information from different views, checking differ-
ences between the two breasts, and looking for changes be-
tween the prior and current mammograms when available.
Clinical studies indicate that lesion detectability in two-view
mammograms is more accurate than when only one view is
available.3–5238 Med. Phys. 29 2, February 2002 0094-2405Õ2002Õ29It has also been shown that independent double reading
by two radiologists significantly increases the sensitivity of
mammographic screening.6,7 However, the increased cost
and workload to the radiologists make double reading im-
practical in most screening situations. To provide a second
opinion to the radiologists, computer-aided diagnosis ~CAD!
systems have been developed using computer vision and pat-
tern recognition techniques to automatically detect and char-
acterize abnormal lesions on mammograms. Although it has
been reported that these systems are useful in reducing the
error rate in mammographic screening,8–10 the detection sen-
sitivity of these systems needs to be improved and the false-
positive ~FP! rate reduced to provide maximum benefit to the
radiologist and the patient. CAD algorithms reported in the
literature so far use one-view information for the detection of
lesions even though the accuracy may be scored and reported
using two views. Yin et al.11 used bilateral subtraction in a
prescreening step of a mass detection program to locate mass
candidates, but the subsequent image analysis was performed
based only on a single view. Recently, Hadjiiski et al.12–14
have developed an interval change analysis of masses on
current and prior mammograms and found that the classifi-2382Õ238Õ10Õ$19.00 © 2002 Am. Assoc. Phys. Med.
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proved significantly in comparison to single image classifi-
cation. These studies demonstrated the potential of using
multiple image information for CAD. However, current CAD
algorithms have not utilized one of the most important pieces
of information available in a mammographic examination—
the correlation of computer-detected lesions between the two
standard views. This is a very difficult problem for computer
vision because the breast is elastic and deformable. The over-
lapping tissue and the relative position of the breast struc-
tures are generally different even when the breast is com-
pressed in the same view two different times. The change in
geometry for an elastic object and lack of invariant ‘‘land-
marks’’ make it difficult, if not impossible, to correctly reg-
ister two breast images in the same view by any established
image warping technique or by using an analytic model to
predict corresponding object locations in the different views
of the same breast.
Few studies have been conducted on how to find the re-
lationship between structures in different mammographic
views. Kita et al.15 proposed a breast deformation model for
compressed breasts and used the model for finding corre-
sponding points in two different views. They demonstrated
with a data set of 24 cases ~a total of 37 lesions! that this
method allowed the prediction of location in a second view
within a band of pixels 627 mm from an epipolar line. How-
ever, assumptions on the parameters and the deformation of a
compressed breast had to be made and the robustness of the
model has yet to be validated. More practical approaches,
which do not depend on a large number of assumptions, may
be preferable. Good et al. and Chang et al. recently reported
a preliminary attempt of matching computer-detected objects
in two views.16,17 They demonstrated the feasibility of iden-
tifying corresponding objects (Az50.82) in the two views by
exhaustive pairing of the detected objects and feature classi-
fication. None of these studies attempted to use the two-view
correspondence information to improve lesion detection or
classification.
During mammographic interpretation, if a suspicious
breast mass is found in one view, the radiologist will attempt
to find the same object in the other available views in order
to identify the object as a true or a false mass. Radiologists
commonly consider the distance from the nipple to the center
of the suspicious lesion in one view and then search the
corresponding object in the second view in an annular region
at about the same radial distance from the nipple. Based on
this approach, we previously developed a regional registra-
tion technique to identify corresponding lesion locations on
current and prior mammograms of the same view.13,18 We
have also designed geometric models that can localize corre-
sponding lesions within a search region when two-view or
three-view mammograms are available for lesion
localization.19 With the geometric information, the computer
searches for a corresponding lesion in the other view within
a limited search region. The object of interest can then be
matched with possible corresponding objects in the search
region using the similarity of feature measures. We have
found that the geometric constraints improved the chance ofMedical Physics, Vol. 29, No. 2, February 2002correctly matching lesions in current and prior mammograms
for the classification of malignant and benign masses.14 In
this study, we explore the use of the regional registration
technique as a basis to correlate lesions in two views. The
correspondence information is used to reduce false detec-
tions produced by our one-view CAD algorithm.20 The de-
tection accuracy of the two-view scheme was evaluated and
compared to our current one-view CAD scheme using free
response receiver operating characteristic ~FROC! analysis.
II. MATERIALS AND METHODS
Our approach to improving the accuracy of the mass de-
tection is to merge information from corresponding seg-
mented structures in the two standard views of the same
breast.20 We first assume that a true mass will have a higher
chance of being detected in both views. Likewise, we assume
that the objects corresponding to the same mass detected in
the two different views ~a TP–TP pair! will be more similar
in their feature measures than a mass object compared to
normal tissue ~a TP–FP pair!, or two false-positives ~an
FP–FP pair!. Object matching is performed in two stages.
First, all possible pairing of the detected objects on the two
views are determined, taking into account geometric con-
straints. Second, features are extracted from each object,
similarity measures for the features pairs are derived, and a
classifier is trained to classify true pairs ~TP–TP pairs! from
false pairs ~TP–FP, FP–TP, or FP–FP pairs! using the simi-
larity measures. The two stages are detailed below. The data
sets used in the development and evaluation of this approach
are described next.
A. Image acquisition and data set
Two data sets of two-view mammograms were collected
and separately used to train and test the geometric models
and our proposed two-stage information fusion technique.
These mammograms were selected from patient files in the
Breast Imaging Division at the University of Michigan.
For the geometric modeling of object location on two
views, the database consisted of 116 cases with masses, large
benign calcifications, or clustered microcalcifications identi-
fiable on both views of the same breast. The mammograms
were digitized with a LUMISYS 85 film scanner with a pixel
size of 50 mm and 12-bit gray levels. The gray levels were
calibrated to be linearly proportional to optical density in the
0.1 to 4.0 O.D. range. The images were reduced to a pixel
resolution of 800 mm3800 mm by averaging 16316 neigh-
boring pixels and down-sampling. For each case, the two
standard mammographic views were available. A total of 177
objects were manually selected and marked by an expert ra-
diologist on each of these two views. The nipple location
was also identified for each breast image. The radial distance
of the selected objects was calculated and the prediction
model of an object location in one view from its location in
the other view was estimated, as described above.
For the evaluation of the two-view mass detection
scheme, a data set of 169 pairs of mammograms containing
masses on both the CC and MLO views was used. The mam-
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pairs were current mammograms ~defined as mammograms
from the exam before biopsy! and 41 pairs were from exams
1 to 4 years prior to biopsy. 58 of the 128 current and 26 of
the 41 prior image pairs contained a malignant mass. The
338 mammograms were also digitized with the LUMISYS
85 film scanner. The true mass locations on both views were
identified and rated by a radiologist approved by the Mam-
mography Quality Standards Act ~MQSA!. The histograms
of the size ~longest dimension! and the subtlety rating of the
benign and malignant masses contained in this data set are
shown in Figs. 1 and 2, respectively. The subtlety of the
masses was estimated subjectively on a 10-point scale by the
experienced radiologist relative to the masses encountered in
clinical practice.
FIG. 1. Histograms of the size ~the longest dimension! of the benign and
malignant masses contained in the data set of 338 one-view mammograms
and rated by a MSQA-radiologist. Eight masses in the prior mammograms
of the data set did not receive a rating because the radiologist could not
delineate the mass even in retrospect, although a focal density could be seen.
FIG. 2. Histograms of the subtlety ~15most obvious, 105subtlest! of the
benign and malignant masses contained in the data set of 338 one-view
mammograms and rated by a MSQA-radiologist. Eight masses in the prior
mammograms of the data set did not receive a rating because the radiologist
could not delineate the mass even in retrospect, although a focal density
could be seen.Medical Physics, Vol. 29, No. 2, February 2002B. Geometrical modeling
We will first describe the geometric models that we de-
veloped for predicting the location of an object in the MLO
view from that in the CC view or vice versa. For the purpose
of studying the geometric relationship between the locations
of an object imaged on the two mammographic views, any
identifiable objects can be used. We therefore chose two-
view mammograms that contained masses, microcalcifica-
tion clusters, and large benign calcifications identifiable on
both views. This data set was different from that used for
mass detection to be described below. The locations of the
corresponding objects on the two views and the nipple loca-
tions were identified on the mammograms by the MQSA-
approved radiologist. For a large object such as a mass or a
microcalcification cluster, the manually identified ‘‘centroid’’
was taken as its location. A breast boundary tracking pro-
gram was used to segment the breast area from the
mammogram.21,22 Using the nipple location as the origin,
concentric circles were drawn, each of which intersected the
breast boundary at two points and defined an arc. The locus
of the mid-points of these arcs was considered to be the
breast midline. The breast length was defined as the distance
from the nipple to the point where the midline intersected the
chest wall. From these parameters, the polar coordinates
(Rx ,ux) with x5C ~CC view!, or M ~MLO view!, as shown
in Fig. 3, were defined, where Rx was the distance from the
nipple to the object center and ux , the angle between Rx and
FIG. 3. An example of the coordinate system used to localize an object in a
mammographic view. An automatic boundary tracking process is used to
segment the breast. The nipple location was identified by a MQSA-approved
radiologist. The distance of the object from the nipple location is defined by
R5iNMW i . The angle of the mass from the midline of the breast is defined
by the angle between the vectors NMW and NOW .
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ing the object. We investigated the relationship between the
coordinate of the object on one view and that on the other
view in this coordinate system.
Scatter plots of the radial distance and the angle of the
radiologist-identified objects on the two views in the data set
are shown in Fig. 4 and Fig. 5, respectively. It can be seen
that there is a high correlation ~correlation coefficient50.94!
of the radial distances of the corresponding objects in the
two views. However, the angular coordinates in the two
views are basically uncorrelated ~correlation coefficient
50.42!. We therefore chose a linear model for predicting the
radial distance of an object in a second view from that in the
first view:
Ry5arRx1br . ~1!
Because of the variability of the breast tissue caused by
compression, the predicted location for an individual case
could deviate from its ‘‘true’’ location, as determined by the
radiologist, by a wide range. Therefore, we estimated a glo-
bal model using a set of training cases with radiologist-
identified object locations on both views. The model coeffi-
cients were obtained by minimizing the mean square error
between the true and the predicted coordinates in the second
view. The error in this estimation was then used to define an
annular search region, which had a center at a radial distance
Ry from the nipple as predicted by the model, and a width of
6DR as estimated from the localization errors observed in
the training set. This search region avoids using the entire
area of the breast and eliminates many inappropriate pairings
between detected objects on the CC view and the MLO view
in the second stage, discussed in Sec. II D.
We randomly divided the available data set into a training
set and a test set in a 3:1 ratio. The training set was used for
the estimation of the model coefficients and the search region
width. The test set was used for evaluating the prediction
accuracy of the model. Four nonoverlapping partitions sepa-
FIG. 4. The CC view versus the MLO view of the radial distances of the
identified objects from the nipple location.Medical Physics, Vol. 29, No. 2, February 2002rating the database into training and test sets were consid-
ered. The model performance was then obtained by combin-
ing the results of the four test sets.
The geometrical analysis is then used for pairing objects
detected on the two views of the same breast in the pre-
screening stage of our mass detection program as detailed
below.
C. One-view analysis
The one-view approach is used to identify potential breast
masses among the suspicious objects. The one-view pre-
screening used in this study is similar to that discussed
previously.23–25 The only difference is that the false positive
~FP! reduction step was modified such that a slightly differ-
ent object overlap criterion was employed. The block dia-
gram for the one-view mass detection scheme is shown in
Fig. 6. A density-weighted contrast-enhancement ~DWCE!
filter is first applied to each digitized mammogram. The
DWCE filter enhances mammographic structures in the
breast image. Following this preprocessing filtering, edge de-
tection is employed to refine the borders of the detected re-
gions. K-means clustering is then applied to a 25 mm
325 mm, background-corrected region of interest centered
on each initially detected object to improve the object border.
This segmentation process extracts a large number of ob-
jects, including masses and normal breast structures. In order
to reduce the number of nonmass objects, different FP reduc-
tion stages based on morphological features, overlap of the
detected regions, and texture features were designed and
trained using an independent set of mammograms in a pre-
vious study.25,26 It was found that 11 morphological features
composed of shape descriptors and 15 spatial gray level de-
pendence ~SGLD! texture features extracted for each object
were useful for FP reduction.27,28 In this study, rule-based
classification using the 11 morphological features reduced
the average number of objects from 37 to about 29 per image
and lowered the TP detection sensitivity from 91.1% to
FIG. 5. The CC view versus the MLO view of the angular coordinates of the
identified objects from the breast midline.
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as the input variables for a linear discriminant analysis
~LDA! classifier. A texture score for each object was ob-
tained from the classifier. Overlap reduction was then applied
using these texture scores as discussed below.
During object segmentation, the border of an object is
obtained by K-means clustering in a fixed sized region cen-
tered on a ‘‘seed’’ object. If the seeds from two objects are
close to each other, the two segmented objects can overlap
each other. This occurs when the two detected objects are
neighboring structures that overlap in the mammographic
view or they may be part of a large single structure that was
initially detected in multiple pieces. An overlap criterion
based on the texture scores is imposed to select one of the
two overlapping objects as a mass candidate. In this study,
we used the shape of the segmented objects to estimate the
overlapping area between the two neighboring objects on the
mammogram. An overlap fraction was defined as
Overlap5
O1øO2
O1łO2
, ~2!
where O1 and O2 are the segmented areas of the overlapping
objects. A threshold on the overlap fraction was chosen such
that if the overlap fraction of two objects exceeded the
threshold, the object with the higher texture score ~i.e., more
likely to be a mass candidate! was kept and the other was
discarded as an FP. The sensitivity and the specificity of
differentiating true and false masses depend on the selection
of the overlap threshold. We chose an overlap threshold of
15% which led to an average of 15 objects per image at a
detection sensitivity of about 85%. As shown later in the
Results section, the overall detection accuracy was relatively
FIG. 6. A schematic diagram for the current one-view prescreening detection
algorithm.Medical Physics, Vol. 29, No. 2, February 2002independent of the FP rate in this intermediate stage so that
the selection of the 15% overlap threshold was not a critical
factor.
After overlap reduction, our current one-view algorithm
employed a final stage of FP reduction based on the texture
scores, as illustrated in the block diagram in Fig. 7. A deci-
sion threshold was applied to the texture scores such that
objects with scores lower than the threshold were excluded
as FPs. In addition, another criterion was imposed so that no
more than three objects were kept on each image. By com-
paring the retained objects with the true mass locations on
each image for a range of decision thresholds, an FROC
curve characterizing the sensitivity as a function of the num-
ber FPs per image could be generated.29
D. Two-view analysis
The block diagram in Fig. 7 illustrates our two-view mass
detection scheme and its relationship to our current one-view
approach. The detection algorithm described above was used
as a prescreening stage in our two-view fusion approach. The
only difference was that the operating threshold that limits
the maximum number of objects on an image was relaxed to
increase sensitivity while retaining a larger number of FPs.
The remaining objects after this threshold will be still re-
ferred to as the prescreening objects in the following discus-
sions. To investigate the dependence of the overall detection
accuracy of our two-view detection scheme on the initial
number of prescreening objects, three different decision
thresholds were selected to obtain a maximum of either 5,
10, or 15 objects per image.
To further perform the two-view information fusion
analysis, an expanded set of morphological features was ex-
tracted from each prescreening object. These morphological
features included the 11 shape descriptors discussed previ-
ously, and 13 new contrast measures30 and 7 new shape fea-
tures. In order to evaluate the new method, we randomly
divided the available cases into a training and a test set using
a 3:1 training/test ratio. The training set was used to select a
subset of useful morphological features using stepwise fea-
ture selection and to estimate the coefficients of an LDA
classifier. To reduce biases in the classifier, 50 random 3:1
partitions of the cases were employed. A morphological
score was obtained for each individual object by averaging
FIG. 7. A schematic diagram for the proposed two-view fusion scheme.
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tions. The morphological score was then combined with the
one-view texture score by averaging the two scores. A single
combined score thus characterized each prescreening object.
This one-view score was further fused with the discriminant
score obtained by the two-view scheme, as described below.
The prescreening objects were analyzed by the two-view
method shown in the right branch of the diagram in Fig. 7.
All possible pairing between the prescreening objects in the
two views of the same breast was determined using the dis-
tance from the nipple to the centroid of each object and the
geometrical model described above. Since the location of a
given object detected in one view cannot be uniquely iden-
tified in the other view, as described in Sec. II B, an object
was initially paired with all objects with centroids located
within its defined annular region in the other view. The geo-
metric constraints reduced the number of object pairs that
needed to be classified as true or false correspondences in the
subsequent steps. A true pair ~TP–TP! was defined as the
correspondence between the same true masses on the two
mammographic views, and a false pair is defined as any
other object pairing ~TP–FP, FP–TP, and FP–FP!. For each
object pair, the set of 15 texture and 31 morphological fea-
tures described above were used to form similarity measures.
In this preliminary study, two simple measures, the absolute
difference and the mean, were used. A total of 30 texture
measures and 62 morphological measures were thus obtained
for each object pair. The absolute difference between the
nipple-to-object distances in the CC and MLO views was
also included in both the texture and morphological feature
sets as a feature for differentiating true from false object
pairs. Two separate LDA classifiers with stepwise feature
selection were trained to classify the true and false pairs
using the similarity features in the morphological and texture
feature spaces, respectively.
For training the classifiers, the data set was randomly di-
vided into a training set and a test set again using a 3:1
training/test ratio. Fifty random 3:1 partitions of the cases
were used to reduce bias. Individual morphological and tex-
ture scores were obtained for each object pair by averaging
the test scores of each object pair obtained from the different
partitionings. The two classification scores were then aver-
aged to obtain one‘‘correspondence’’ score for each object
pair. This approach of merging scores from different classi-
fiers trained in parallel for the same task into a single score
for further discrimination is similar to our previous work that
used neural networks in morphological and texture feature
spaces.31 The correspondence score along with the one-view
prescreening score were used in the following fusion step.
E. Fusion analysis
The fusion of the one-view prescreening scores with the
two-view correspondence scores was the final step in our
two-view detection scheme. In this study, we designed a fu-
sion scheme that combines ranking and averaging of the pre-
screening and correspondence scores. We first ranked all pre-
screening object scores within a given film from the largestMedical Physics, Vol. 29, No. 2, February 2002to the smallest. The correspondence scores were ranked in a
similar way. These two new rank scores were then merged
into a single score for each object in each view. Since an
object could have more than one correspondence score, its
two-view correspondence score was taken to be the maxi-
mum correspondence score among all object pairs in which
this object was a member. There can be many variations for
the fusion step.32,33 In this preliminary study, the final dis-
criminant score for an object was obtained by averaging its
two-view correspondence score rank with its one-view pre-
screening score rank.
The FROC performance curve for the two-view analysis
was generated by varying the decision threshold on the final
discriminant score for each object and determining the sen-
sitivity and FP per image at each threshold. We compared the
FROC performance curves obtained by the two-view scheme
when starting with 5, 10, and 15 prescreening objects per
image and that obtained with the one-view detection scheme.
III. RESULTS
A. Geometrical modeling
In the geometrical analysis experiments, we first esti-
mated a prediction model of the radial distance of an object
in a second view from its radial distance in the first view
using the training set. The model was then used to predict
object location from one view to the other for the indepen-
dent test cases. Since the model did not provide an exact
solution, a search region, R6DR , where R was the predicted
radial distance and DR the half width of an annular region,
was defined. The percentage of the true object centroids en-
closed within the search region was measured as a function
of the size of 2 DR . Figure 8 shows the prediction accuracy
as a function of 2 DR for estimating the object radial dis-
tance in the MLO view from that in the CC view. Figure 9
shows the corresponding results for predicting the object ra-
dial distance in the CC view from that in the MLO view. The
training and test curves almost overlap in each case. The
FIG. 8. The prediction of the center of an object in the MLO view from its
location in the CC view. Training and test performances are given as a
function of the radial width of the annular search region.
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ters in the CC or MLO views is small. About 83% of the
object centers are within the search region when the radial
width of the search region is about 40 pixels ~32 mm! for
either the CC view or the MLO view. These results indicate
that the search region, although large, is much smaller than
the entire area of the breast. The limited search region size
reduces the number of object pairs to be analyzed in the
two-view detection scheme. To avoid missing any pairs of
true masses in the two-view scheme, we chose to set the
radial width of the annular search region to about 80 pixels.
This led to a larger number of false pairs, but it was substan-
tially less than that if the entire breast area was considered.
FIG. 9. The prediction of the center of an object in the CC view from its
location in the MLO view. Training and test performances are given as a
function of the radial width of the annular search region.
FIG. 10. Film-based performances of the current one-view mass detection
algorithm applied to the data set of 338 one-view ~169 pairs! mammograms.
The FROC curves are plotted for the detection of all malignant and benign
masses, and of the malignant masses on the current and the prior mammo-
grams. Higher sensitivity was obtained for the detection of malignant
masses on current mammograms.Medical Physics, Vol. 29, No. 2, February 2002B. One-view analysis
The FROC curve obtained from our current one-view
mass detection algorithm25 applied to the data set of 338
images is shown in Fig. 10. The FROC curves for the detec-
tion of the malignant masses on the current and prior mam-
mograms are also plotted for comparison.
In clinical application, if the mass is detected on one-view
by the computer and the radiologist is alerted to the mass, the
radiologist will likely find the mass on the other view, if it is
visible, even if the CAD algorithm misses it on the other
view. Some researchers therefore consider a true-positive as
the detection of the mass on one or two views of the breast.10
We refer to this as case-based analysis. In this situation, the
total number of masses or cases in this study was 169. For
comparison purposes, we plot the case-based FROC curves
for all masses, malignant masses on current mammograms,
and malignant masses on prior mammograms in Fig. 11.
C. Fusion analysis
Three different decision thresholds that retained a maxi-
mum of 5, 10, and 15 objects per image after the one-view
prescreening stage were used to select mass candidates as
inputs to the two-view detection scheme. Table I summarizes
the characteristics of these three object sets. The average
number of prescreening objects per image was smaller than
FIG. 11. Case-based performances of the current one-view mass detection
algorithm applied to the data set of 169 pairs of mammograms. The FROC
curves are plotted for the detection of all malignant and benign masses, and
of the malignant masses on the current and the prior mammograms. Higher
sensitivity was obtained for the detection of malignant masses on current
mammograms.
TABLE I. Characteristics of the 3 sets of objects to be input to the two-view
scheme. The objects were obtained by applying a detection threshold at the
prescreening stage to extract a maximum of 5, 10, and 15 objects per image.
Prescreening
threshold
objs/image
Avg.
objs/image
Sensitivity
film-based
~%!
Sensitivity
case-based
~%!
No. of
pairs/case
5 4.9 72.7 85.2 14.2
10 9.4 79.8 89.3 49.4
15 12.6 83.4 92.3 85.9
245 Paquerault et al.: Improvement of computerized mass detection 245FIG. 12. Film-based performances of the proposed two-view detection
scheme for all masses. Three initial conditions depending on the maximum
number of retained objects per image ~5, 10, and 15 objects per image! at
the prescreening stage were evaluated.
FIG. 13. Film-based performances of the proposed two-view detection
scheme applied to the current malignant masses. Three initial conditions
depending on the maximum number of retained objects per image ~5, 10,
and 15 objects per image! at the prescreening stage were evaluated.
FIG. 14. A comparison of the film-based performance of the one-view and
two-view detection methods for the detection of malignant masses on cur-
rent mammograms and prior mammograms.Medical Physics, Vol. 29, No. 2, February 2002the maximum number allowed per image because the total
number of objects in some images was smaller than the
maximum number.
The FROC curves for the detection of malignant and be-
nign masses on each image, using our two-view fusion tech-
nique, are shown in Fig. 12. The curves are similar for the
three thresholds of 5, 10, 15 prescreening objects per image.
This similarity also holds for the FROC curves for the detec-
tion of malignant masses, as illustrated in Fig. 13. The im-
provement in detection by our current two-view fusion
method therefore seems to be independent of the operating
threshold when the maximum number of objects retained per
image in the prescreening stage is between 5 and 15.
Figure 14 compares the film-based FROC curves for the
detection of malignant masses by the one-view and two-view
fusion methods obtained from the condition of 10 prescreen-
ing objects per image. Figure 15 compares the corresponding
case-based FROC curves. A comparison of the detection sen-
sitivity at 1 FP image between the one-view and two-view
fusion methods is given in Table II for both film-based and
case-based detection.
IV. DISCUSSION
In this work, we propose a new technique based on the
fusion of one-view and two-view information to improve the
performance of mammographic mass detection. The results
of our preliminary study show that including correspondence
FIG. 15. A comparison of the case-based performance of the one-view and
two-view detection methods for the detection of malignant masses on cur-
rent mammograms and prior mammograms.
TABLE II. A comparison of detection sensitivities obtained by the one-view
and the two-view fusion schemes for film-based and case-based detection.
Mass type
Sensitivity-
film-based
~1 FPs/image!
Sensitivity-
case-based
~1 FPs/image!
1-view 2-view 1-view 2-view
All 50% 56% 67% 73%
Current malignant 62% 73% 77% 91%
Prior malignant 27% 33% 42% 52%
246 Paquerault et al.: Improvement of computerized mass detection 246information from two mammographic views is an effective
technique for reducing FPs. At a case-based detection sensi-
tivity of 75% for all masses, the number of FPs per image
was reduced from 1.5 FPs/image using the one-view detec-
tion technique to 1.13 FPs/image using the two-view fusion
technique. The results also indicate that our proposed method
is more effective in reducing FPs in the subset of cases con-
taining malignant masses on current mammograms. At a
case-based sensitivity of 85% for malignant masses on cur-
rent mammograms, the number of FPs per image was re-
duced from 1.5 FPs/image to 0.5 FPs/image using the two-
view fusion technique ~Fig. 15!. Alternatively, at 1 FPs/
image, the two-view algorithm achieved a case-based
detection sensitivity of 91% whereas the current one-view
scheme had a 77% sensitivity at the same number of FPs/
image ~Table II!.
The two-view correspondence analysis is more useful for
mammogram pairs for which the mass is detected on both
views in the prescreening stage. The fusion process is de-
signed to both increase the scores for the TPs and reduce the
scores for FPs for such cases. For the data set of 169 pairs of
mammograms under the condition of 10 prescreening objects
per image, the mass was detected on both CC and MLO
views in a subset of 120 cases and on only one view in
another subset of 32 cases. If we analyzed the subset of cases
in which the mass was detected in both views, at 1 FP/image,
the case-based detection sensitivity increased from 82.5% for
the current one-view algorithm to 93.3% using the two-view
fusion technique. However, for the subset of cases in which
the mass was detected on only one view at the prescreening
stage, the fusion analysis reduced the scores for TPs. At 1
FP/image, the case-based detection sensitivity was reduced
from 50% for the current one-view algorithm to 43.7% using
the two-view fusion process. Similar trends for the detection
results were observed when 5 and 15 objects per image were
retained in the prescreening stage.
In this study, we chose the radial width of the annular
search region to be 80 pixels for all mammograms. This
radial width reduced the search region to only a fraction of
the breast area for large breasts but it covered most of the
breast area in smaller breasts. Therefore, the advantage of
geometric correlation has not been fully utilized in small
breasts. One approach to reducing the search region size for
small breasts would be to choose the region size as a per-
centage of the breast area so that the actual width of the
annular region will be different for each pair of mammo-
grams. This will lead to a reduction in the number of false
object pairs for small breasts. The second approach would be
to use a third mammographic view when it is available. As
we discussed previously,19 using the three standard views
~CC, MLO, and Lateral! of the breast allow more accurate
localization of a lesion to within a small fan-shaped region.
This approach would require further adaptation of our two-
view scheme to a three-view fusion scheme. Although
3-view mammograms are not generally available for screen-
ing, it will be of interest to investigate how 3-view mammo-
grams will improve the detection of malignancy in the breast
by the computer.Medical Physics, Vol. 29, No. 2, February 2002In this study, we used radiologist-identified nipple loca-
tions for the geometric correlation process. In a fully auto-
mated mass detection program, this step will have to be au-
tomated. We are developing an automated nipple detection
program. This detection program could identify the nipple
within 1 cm of the true location in 88% of the 311 mammo-
grams in a study set.22 For the purpose of this study, we did
not use automated nipple detection because it will compli-
cate our analysis of the two-view fusion techniques if errors
in nipple detection have to be taken into account. We there-
fore isolated their effects by using manually identified nipple
locations. We will continue to improve the automated nipple
detection algorithm and incorporate this step into the two-
view mass detection scheme in the future.
In this preliminary study, we used two simple similarity
measures for the classification of object correspondence. The
fusion of the two-view and one-view scores for the indi-
vidual objects was performed with a relatively simple rank-
ing and averaging methods. These approaches already pro-
vided substantial improvement in the detection accuracy,
indicating the promise of the two-view method for mass de-
tection and FP reduction. Further studies are being conducted
to optimize the various steps in the two-view classification
and fusion schemes.
V. CONCLUSION
We are developing a two-view fusion technique to im-
prove computerized mass detection on mammograms. Start-
ing from objects detected in a prescreening stage, we defined
all possible pairing based on geometry and then combined
morphological and textural characteristics from these paired
objects into a correspondence score for each object. A clas-
sifier was trained to differentiate the true mass pairs from the
false pairs. A final fusion stage combined the two-view ob-
ject pair information with the one-view object scores. Our
preliminary results demonstrate that the proposed two-view
scheme can reduce FPs in comparison with our current one-
view method. The mass detection sensitivity is also im-
proved by using information from the two-views. Further
studies are underway to optimize the prescreening process,
the design of the similarity measures, as well as the two-view
fusion scheme. When fully developed and integrated into the
CAD system, it is expected that our proposed two-view tech-
nique will improve upon the current one-view scheme and
provide a useful second opinion to radiologists in the detec-
tion of breast cancer on mammograms.
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